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RECOMMENDING FRIENDS IN
AUTOMATED CHATTING

This application 1s a U.S. National Stage Application of
PCT/CN2017/086191, filed May 26, 2017, which applica-

tion 1s hereby incorporated by reference. To the extent
appropriate, a claim of priority 1s made to the above dis-

closed application.

BACKGROUND

Artificial Intelligence (Al) chatbot 1s becoming more and
more popular, and 1s being applied 1n an increasing number
of scenarios. The chatbot 1s designed to simulate people’s
conversation, and may chat with users by text, speech,
image, etc.

SUMMARY

This Summary 1s provided to mftroduce a selection of
concepts that are further described below 1n the Detailed
Description. It 1s not intended to identily key features or
essential features of the claimed subject matter, nor 1s 1t
intended to be used to limit the scope of the claimed subject
matter.

Embodiments of the present disclosure propose a method
for recommending friends in automated chatting. A message
1s received 1n a chat flow. An intention of looking for friends
1s 1dentified from the message. One or more recommended
friends are 1dentified based on a topic knowledge graph. The

recommended Iriends are provided in the chat tlow.

It should be noted that the above one or more aspects
comprise the features herematter fully described and par-
ticularly pointed out in the claims. The following description
and the drawings set forth in detail certain illustrative
features of the one or more aspects. These features are only
indicative of the various ways 1n which the principles of

various aspects may be employed, and this disclosure 1s
intended to include all such aspects and their equivalents.

BRIEF DESCRIPTION OF THE DRAWINGS

The disclosed aspects will heremnafter be described in
connection with the appended drawings that are provided to
illustrate and not to limit the disclosed aspects.

FIG. 1 illustrates an exemplary application scenario of a
chatbot according to an embodiment.

FI1G. 2 illustrates an exemplary chatbot system according
to an embodiment.

FI1G. 3 1llustrates an exemplary chat window according to
an embodiment.

FIG. 4A-4D each illustrates an exemplary chat flow
according to an embodiment.

FIG. S illustrates an exemplary process for constructing
user-topic knowledge graph according to an embodiment.

FIG. 6 1llustrates an exemplary process for constructing
user-topic knowledge graph according to an embodiment.

FIG. 7 illustrates an exemplary neural network for gen-
crating text from an image according to an embodiment.

FIG. 8 illustrates an exemplary user-topic connection in
user-topic knowledge graph according to an embodiment.

FI1G. 9 1llustrates an exemplary process for recommending,
friends 1n automated chatting according to an embodiment.

FI1G. 10 illustrates an exemplary process for recommend-
ing Iriends 1n automated chatting according to an embodi-
ment.
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2

FIG. 11 illustrates an exemplary apparatus for recom-
mending iriends i1n automated chatting according to an

embodiment.
FIG. 12 illustrates an exemplary computing system
according to an embodiment.

DETAILED DESCRIPTION

The present disclosure will now be discussed with refer-
ence to several example implementations. It 1s to be under-
stood that these implementations are discussed only for
enabling those skilled 1n the art to better understand and thus
implement the embodiments of the present disclosure, rather
than suggesting any limitations on the scope of the present
disclosure.

FIG. 1 illustrates an exemplary application scenario 100
of a chatbot according to an embodiment.

In FIG. 1, a network 110 1s applied for interconnecting
among a terminal device 120 and a chatbot server 130. The
network 110 may be any type of networks capable of
interconnecting network entities. The network 110 may be a
single network or a combination of various networks. In
terms ol coverage range, the network 110 may be a Local
Area Network (LAN), a Wide Area Network (WAN), etc. In
terms of carrying medium, the network 110 may be a
wireline network, a wireless network, etc. In terms of data
switching techniques, the network 110 may be a circuit
switching network, a packet switching network, etc.

The terminal device 120 may be any type of electronic
computing devices capable of connecting to the network
110, assessing servers or websites on the network 110,
processing data or signals, etc. For example, the terminal
device 120 may be a desktop computer, a laptop, a tablet, a
smart phone, etc. Although only one terminal device 120 1s
shown 1n FIG. 1, it should be appreciated that a different
number of terminal devices may connect to the network 110.

The terminal device 120 may include a chatbot client 122
which may provide automated chatting service for a user. In
some 1mplementations, the chatbot client 122 may interact
with the chatbot server 130. For example, the chatbot client
122 may transmit messages inputted by the user to the
chatbot server 130, and receive responses associated with
the messages from the chatbot server 130. However, 1t
should be appreciated that, in other implementations, instead
of interacting with the chatbot server 130, the chatbot client
122 may also locally generate responses to messages mput-
ted by the user.

The chatbot server 130 may connect to or incorporate a
chatbot database 140. The chatbot database 140 may com-
prise information that can be used by the chatbot server 130
for generating responses.

It should be appreciated that all the network entities
shown 1 FIG. 1 are exemplary, and depending on specific
application requirements, any other network entities may be
involved in the application scenario 100.

FIG. 2 1illustrates an exemplary chatbot system 200
according to an embodiment.

The chatbot system 200 may comprise a user interface
(UI) 210 for presenting a chat window. The chat window
may be used by the chatbot for interacting with a user.

The chatbot system 200 may comprise a core processing,
module 220. The core processing module 220 1s configured
for, during operation of the chatbot, providing processing
capabilities through cooperation with other modules of the
chatbot system 200.

The core processing module 220 may obtain messages
inputted by the user in the chat window, and store the
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messages 1n the message queue 232. The messages may be
in various multimedia forms, such as, text, speech, 1image,
video, etc.

The core processing module 220 may process the mes-
sages 1n the message queue 232 1n a first-in-first-out manner.
The core processing module 220 may invoke processing
units in an application program interface (API) module 240
for processing various forms of messages. The API module
240 may comprise a text processing umt 242, a speech
processing unit 244, an 1mage processing unit 246, efc.

For a text message, the text processing umt 242 may
perform text understanding on the text message, and the core
processing module 220 may further determine a text
response.

For a speech message, the speech processing unit 244 may
perform a speech-to-text conversion on the speech message
to obtain text sentences, the text processing unit 242 may
perform text understanding on the obtained text sentences,
and the core processing module 220 may further determine
a text response. IT 1t 1s determined to provide a response 1n
speech, the speech processing unit 244 may perform a
text-to-speech conversion on the text response to generate a
corresponding speech response.

For an image message, the image processing unit 246 may
perform 1mage recognition on the 1image message to gener-
ate corresponding texts, and the core processing module 220
may further determine a text response. In some cases, the
image processing unit 246 may also be used for obtaining an
image response based on the text response.

Moreover, although not shown 1n FIG. 2, the API module
240 may also comprise any other processing units. For
example, the API module 240 may comprise a video pro-
cessing unit for cooperating with the core processing module
220 to process a video message and determine a response.

The core processing module 220 may determine
responses through an index database 250. The index data-
base 250 may comprise a plurality of index 1tems that can be
retrieved by the core processing module 220 as responses.
The index items in the index database 250 may include a
pure chat index set 252 and a topic knowledge data set 254.
The pure chat index set 252 may comprise index 1tems that
are prepared for free chatting between users and the chatbot,
and may be established with data from social networks. The
index items in the pure chat index set 252 may or may not
be 1 a form of question-answer pair. The question-answer
pair may also be referred to as message-response pair or
query-response pair. The topic knowledge data set 254 may
comprise topic knowledge data related to various users
and/or user groups. The users or user groups may be users
or user groups of the chatbot system 200, and may also be
users or user groups of another platform, such as a social
network platform. For example, the social network platform
may be Twitter, Weibo, and so on. The topic knowledge data
may be generated based on user log data of the chatbot
system, and may be generated based on web data from the
network such as the social network platform or knowledge-
style websites like Wikipedia. The topic knowledge data 1n
the knowledge database may also be referred to as topic
knowledge graph.

The core processing module 220 may utilize a friend
secking 1ntention classifier 260 to identify whether there 1s
an 1ntention of looking for friends from a message sent from
a user. The core processing module 220 may utilize a
candidate friend ranker 270 to identily one or more recoms-
mended friends for the user based on the topic knowledge
graph 254. The candidate friend ranker 270 may identify one
or more recommended friends based on ranking scores
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4

between the user and the potential friends such as individual
users and/or user groups. The mnformation of the 1dentified
recommended friends may be taken as a response to the
user’s message.

The responses determined by the core processing module
220 may be provided to a response queue or response cache
234. For example, the response cache 234 may ensure that
a sequence of responses can be displayed 1n a pre-defined
time stream. Assuming that, for a message, there are no less
than two responses determined by the core processing
module 220, then a time-delay setting for the responses may
be necessary. For example, i a message inputted by the
player 1s “Did you eat your breakfast?”, two responses may
be determined, such as, a first response “Yes, I ate bread”
and a second response “How about you? Still feeling hun-
ory?”. In this case, through the response cache 234, the
chatbot may ensure that the first response 1s provided to the
player immediately. Further, the chatbot may ensure that the
second response 1s provided 1n a time delay, such as 1 or 2
seconds, so that the second response will be provided to the
user 1 or 2 seconds after the first response. As such, the
response cache 234 may manage the to-be-sent responses

and appropriate timing for each response.

The responses 1n the response queue or response cache
234 may be further transferred to the user intertace 210 such
that the responses can be displayed to the user 1n the chat
window.

The user interface 210 may be implemented 1n the chatbot
system 200, and may also be implemented on another
plattorm. For example, the user interface 210 may be
implemented on a third party chatting application, such as
Line, Wechat and so on. In either of the cases, the users and
user groups that are involved with the chatbot are regarded
as the users or user groups of the chatbot system.

It should be appreciated that all the elements shown 1n the
chatbot system 200 in FIG. 2 are exemplary, and depending
on specific application requirements, some shown elements
may be omitted and some other elements may be involved
in the chatbot system 200.

FIG. 3 1llustrates an exemplary chat window 300 accord-
ing to an embodiment. The chat window 300 may comprise
a presentation area 310, a control area 320 and an 1nput area
330. The presentation area 310 displays messages and
responses 1 a chat flow. The control area 320 includes a
plurality of virtual buttons for the user to perform message
iput settings. For example, the user may select to make a
volice mput, attach image files, select emoj1 symbols, make
a short-cut of the current screen, etc. through the control area
320. The mput areca 330 1s used for the user to 1put
messages. For example, the user may type text through the
input area 330. The chat window 300 may further comprise
a virtual button 340 for confirming to send inputted mes-
sages. 1T the user touches the virtual button 340, the mes-
sages 1nputted in the input area 330 may be sent to the
presentation area 310.

It should be noted that all the elements and their layout
shown 1n FIG. 3 are exemplary. Depending on specific
application requirements, the chat window in FIG. 3 may
omit or add some elements, and the layout of the elements
in the chat window 1n FIG. 3 may also be changed 1n various
manners.

FIG. 4A illustrates an exemplary chat tlow 400A accord-
ing to an embodiment. Only the presentation area 310 of the
Ul 1s illustrated mm FIG. 4A. In the exemplary chat flow
400A, the chatbot supplies friend recommendation 1n
response to the user’s messages or queries.
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When the user mputs a message “New iriends?”, the
chatbot may 1dentify an intention of finding friends from the
message by using the friend seeking intention classifier 260.
The friend seeking intention classifier 260 may be a binary
classifier such as a machine learning model, which 1s trained
to classily the query as having an intention of looking for
friends or not having such an intention. The friend seeking
intention classifier 260 may also be a multiple classifier
which 1s trained to classity the query as having an intention
of looking for friends, or having other intentions.

After 1dentifying the intention of finding friends from the
message, the chatbot utilizes the candidate friend ranker 2770
to find recommended friends for the user based on the topic
knowledge graph 2354. The topic knowledge graph 254
includes records of various topic information of each of the
users or user groups.

The topic knowledge graph 254 may also include location
and/or time information associated with a specific record of
a topic of a user or user group. For example, 1f a user sends
a message such as “I play basketball every Tuesday evening
at No. 8 muddle school”, the specific record of the topic
obtained from this message 1s “play basketball” or “basket-
ball”, the time information related to this record 1s “every
Tuesday evening”, the location information related to this
record 1s “No. 8 middle school”. As another example, the
time information may be the time of sending the message
and the location information may be the measured location
such as GPS location at the time of sending the message.

The topic knowledge graph 254 may also include degree
ol interest information associated with a specific record of a
topic of a user or user group. The degree of interest indicates
how much the user likes or hates the topic. The degree of
interest may be obtained by performing sentiment analysis
(SA) on the message from which the specific record of topic
knowledge 1s obtained. Taking the above message “I play
basketball every Tuesday evening at No. 8 middle school™ as
an example, the sentiment analysis result about this message
may be a value like 0.8 which indicates relative positive
sentiment. For example, the sentiment analysis score may be
in a range of [0, 1], where 0.5 indicate neutral, the smaller
of the score the more negative of the sentiment, and the
larger of the score the more positive of the sentiment. In
another example, the sentiment analysis score only has three
values, that 1s, O indicates a negative sentiment, 0.5 indicates
a neutral sentiment, and 1 1ndicates a positive sentiment.

The topic knowledge graph 254 include records of various
topics having been mentioned by the current user and
optionally locations, times and interest scores related to the
records, therefore the current user’s profile in terms of topics
are contained 1n the topic knowledge graph 254. Similarly,
other users or user groups’ proifiles 1n terms of topics are also
contained 1n the topic knowledge graph 254. Theretfore the
chatbot may utilize the candidate friend ranker 270 to rank
the other users or user groups based on the topic knowledge
graph 254 in order to find out the recommended friends.
Particularly, the candidate ifriend ranker 270 may calculate
similarity scores between the current user and the other users
or user groups, and select the users or user groups with the
highest scores as the recommended friends for the current
user.

Four recommended friends are illustrated in FIG. 4A. The
first 1tem, <Userl, topicl, 50%>, indicates that user 1 and
the current user have same or similar interest to topic 1, such
as play basketball, and the matching degree or probability of
user 1 and the current user regarding this topic 1 1s 50%. The
probability may be the similarity score between the current
user and the user 1 regarding the topic 1.
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The second item, <User2, topic2, 40%>, indicates that
user 2 and the current user have same or similar 1nterest to
topic 2, such as play tennis, and the matching probability of
user 2 and the current user regarding this topic 2 1s 40%.

The third item, <Group 1, topic3, 30%>, indicates that
user group 1 and the current user have same or similar
interest to topic 3, such as movie, and the matching prob-
ability of user group 1 and the current user regarding this
topic 3 1s 30%. For example, the user group 1 may be movie
topic group.

The fourth 1tem, <Group 2, topic2, 30%>, indicates that
user group 2 and the current user have same or similar
interest to topic 2, such as play tennis, and the matching
probability of user group 2 and the current user regarding
this topic 2 1s 30%. For example, the user group 2 may be
tennis amateurs group.

It should be appreciated that the users or user groups are
not limited to those of the chatbot system, and may be those
of other platform, such as social network like Titter, Weibo
or the like. In this aspect, cross-platform recommendation of
friends may be implemented by the chatbot.

The user 1 may be the name of the user, and may also be
a link to the user. The current user may tap the “user 17
clement to reach an interface for adding or requesting the
user 1 to be iriend. For example, the user 1 may be a user
of the chatbot system or a third party chatting system such
as Line or Wechat, and the current user may send a request
for being friend with user 1. For example, the user 1 may be
a user of a social network such as Twitter or Weibo, the
current user may add a subscription of the user 1 on the
social network. Similarly, the group 1 may be the name of
the user group, and may also be a link to the group. The
current user may tap the “group 1”7 element to reach an
interface for joining the group 1.

The current user may send a text message or speech
message such as “user 17 1n the chatting flow. In response to
the user’s message, the chatbot may open the interface for
adding or requesting the user 1 to be friend. The current user
may send a text message or speech message such as “group
17 1n the chatting flow. In response to the user’s message, the
chatbot may open the mterface for requesting joining the
user group 1.

FIG. 4B 1llustrates an exemplary chat flow 4008 accord-
ing to an embodiment.

When the user mputs a message “anyone who can play
tenms with me around?”, the chatbot may identify an
intention of finding friends from the message by using the
friend seeking intention classifier 260. In addition to the
intention, the topic information “play tennis” and the loca-
tion imformation “around” are obtained from the message,
here the location information may be determined based on
the current physical position such as GPS position of the
current user. Syntax and semantic analysis process may be
used to i1dentity the topic information and the location
information from the message.

Then the candidate friend ranker 270 identifies recom-
mended friends for the user based on the topic knowledge
graph 254 and the location information. Since the finding of
recommended friends may need an appreciable time period,
a small talk such as “Yes! Playing tennis 1s fun! In process-
ing . . .~ may be output by the chatbot.

Four recommended friends are 1llustrated in FIG. 4B. The
first 1item, <Userl, locationl, 50%:>, indicates that user 1 1s
possible to play tennis with the current user at location 1
with a probability of 50%. The probability may be the
similarity score between the current user and the user 1
regarding the topic of tennis. The second item, <User2,
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location2, 40%>, indicates that user 2 i1s possible to play
tennis with the current user at location 2 with a probability
of 40%. The third 1tem, <Group 1, location3, 30%>, indi-
cates that user group 1 1s possible to play tennis with the
current user at location 3 with a probability of 30%. The
tourth 1item, <Group 2, locationd, 30%>, indicates that user
group 2 1s possible to play tennis with the current user at
location 4 with a probability of 30%.

FI1G. 4C 1llustrates an exemplary chat tlow 400C accord-
ing to an embodiment.

When the user mputs a message “anyone who can play
tennis 1n the evening?”’, the chatbot may identity an intention
of finding friends from the message by using the friend
secking intention classifier 260. In addition to the intention,
the topic information “play tenmis™ and the time information
“evening” are obtained from the message. Syntax and
semantic analysis process may be used to identify the topic

information and the time information from the message.

Then the candidate friend ranker 270 identifies recom-
mended Iriends for the user based on the topic knowledge
graph 254 and the time information. Four recommended
friends are illustrated in FIG. 4C. The first item, <User],
locationl, timel, 50%:>, indicates that user 1 1s possible to
play tennis with the current user at location 1 and time 1 with
a probability of 50%. The probability may be the similarity
score between the current user and the user 1 regarding the
topic of tennis. The second 1tem, <User2, location2, time 1,
40%>, indicates that user 2 1s possible to play tennis with the
current user at location 2 and time 1 with a probability of
40%. The third item, <Group 1, location3, time 2, 30%>,
indicates that user group 1 1s possible to play tenms with the
current user at location 3 and time 2 with a probability of
30%. The fourth 1tem, <Group 2, locationd4, time 3, 30%>,
indicates that user group 2 1s possible to play tenms with the
current user at location 4 and time 3 with a probability of
30%.

FI1G. 4D 1illustrates an exemplary chat flow 400D accord-
ing to an embodiment. The chat flow 400D 1nvolves a group
ol participants including users such as user A, user B, user
C and the chatbot. The group of participants may be referred
to as interest group or user group. The name of the interest
group 1s “movie fans” in this example. There are various
kinds of interest groups, such as movie star groups, soccer
groups, tennis groups, sport groups, {itness groups, celebrity
groups, working groups and so on.

When the user A mputs a message “Anyone watched
“Before sunset”?”, the chatbot may 1dentify an intention of
finding friends from the message by using the friend seeking
intention classifier 260, and may 1dentify the topic informa-
tion “Belore sunset” from the message.

In a scenario, 1f no user makes a response to the message
of user A 1n a predetermined time period, the chatbot may
look for new friends outside the current interest group based
on the topic knowledge graph 254 and the topic information
“Before sunset”. The iriends may be recommended to the
user A or the current group.

Four recommended friends are illustrated in FIG. 4D. The
first 1tem, <Userl, 50%:>, indicates that user 1 has a match-
ing probability of 50% with regard to the topic “Before
sunset”. The second item, <User2, 40%:>, indicates that user
2 has a matching probability of 40% with regard to the topic
“Betore sunset”. The third item, <Group 1, 30%>, indicates
that user group 1 has a matching probability of 30% with
regard to the topic “Before sunset”. The fourth item, <Group
2, 30%>, indicates that user group 2 has a matching prob-
ability of 30% with regard to the topic “Before sunset™.

10

15

20

25

30

35

40

45

50

55

60

65

8

User A or another user such as user B or C may operate
based on the recommended iriends. For example, user A
may output a text or speech message to ask the chatbot to
invite user 1 and/or user 2 to join the current group, or ask
the chatbot to mvite user A to group 1 and/or group 2. For
example, the user A may tap one of the multiple recom-
mended friends to reach a communicating interface or reach
an interface for adding friends, mviting the corresponding
user 1 or 2 to join the current group, or requesting to join the
corresponding group 1 or 2. It should be appreciated that any
suitable operations based on the recommended friends are
within the scope of the disclosure.

FIG. § illustrates an exemplary framework for creating a
user-topic knowledge graph according to an embodiment.

As shown at 502, two kinds of data, the web data and the
user log may be used to create the user-topic knowledge
graph. The user data contains texts and images that a user
sent to the chatbot system. The web data also contains texts
and 1mages related to a user of another platform such as
social network like Twitter and Weibo. The web data may
also contain data from knowledge based website such as
Wikipedia. For example, a big V user of a social network 1s
typically a celebrity, the user-topic knowledge data for the
big V user may be obtained from the social network, and
supplementary knowledge about the big V user may be
obtained from the knowledge based website such as Wiki-
pedia. The knowledge data from both the social network and
the knowledge based website may be used to construct the
user-topic knowledge graph for the specific user. It should be
appreciated that 1t may be possible that only the user data 1s
used to create the knowledge graph. It should be appreciated
that the user data may be user log data and the creating or
updating of the knowledge graph may be performed peri-
odically or in real time.

At 504, an 1image may be converted to a text message
describing the images. This converting may be performed at
the 1mage processing module 246. In an implementation, a
recurrent neural network (RNN)-convolution neural net-
work (CNN) model 1s employed to generate a text message
from an 1mage.

At 506, the texts of the user data or web data or the texts
generated from the images are preprocessed. In an 1mple-
mentation, the preprocessing may include a sentence seg-
mentation and word segmentation, Part-of-speech (POS)
tagging, noun phrase extraction, named entity recognition
(NER).

The sentence segmentation utilizes the punctuations such
as period, question mark, exclamation mark and so on to
separate a document into a set ol sentences. The word
segmentation separates words as well as punctuation by
adding for example space symbol among them. Part-oi-
speech (POS) tagging 1s used to add POS tag for words 1n
the sentence. Then, given a POS-tagged sequence or sen-
tence, the noun phrase extraction process may be performed
to recognize noun phrases using a list of heuristic rules.
Then, the NER process may be used to identity the named
entities in the sequence or sentence, the named entity may be
person’s name, location, organization, and phrases that
describe timestamp or time period. For example, in FIG. 6,
for one sentence of “I brought Chihuahua back to home two
years ago’’, “Chihuahua™ i1s recognized as dog name, “home”
1s a location name, “two years ago” 1s the timestamp 1n units
of year.

Each of the sentence/word segmentation, POS tagging,
noun phrase extraction, NER employed 1n the preprocessing
stage may be implemented by using existing techniques.
However 1t should be appreciated that the combination of
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these processes 1n the preprocessing stage can eflectively
extract necessary information from sentences in order to
construct the user-topic knowledge graph which 1s also
sensitive to the topic related time and location information.

At 508, a coreference resolution of pronouns and normal 5
nouns may be performed for the sentences. Taking the user
log data 610 illustrated in FIG. 6 as an example, the user log
data “Rinna, do you like Chihuahua?”, “Wondertul, I have
one 1n my home. I brought him back to home two years ago.”
may be preprocessed at 508 to obtain the texts “Rinna, do 10
you like Chihuahua?”, “Wondertul, I have Chihuahua in my
home.” and “I brought Chihuahua back to home two years
ago.” shown at 630.

A machine learning model referred to as coreference
resolution model may be trained to compute the probabilities 15
ol the candidate named entities for one given pronoun such
as “he”, “she” and so on, or for one given normal noun such
as “the director”, “the CVP” and so on.

Suppose wi 1s one named entity, such as “Chihuahua™ 1n
the sentence shown at 620, and wj 1s another noun phrase, 20
such as “one” in the sentence shown at 620, the task of the
coreference resolution model 1s to determine whether wi and
w1 have the similar meaning or pointing to the same enftity.

In an implementation, the following features are utilized 1n
the coreference resolution model. 25

Whether w1 and wj appear 1n one sentence;

Is w1 a pronoun?

The edit distance between wi and wj 1n character level;

Are w1 and wj share a same POS tag?

When a word 1s a pronoun, whether another word 1s a 30

name?

By using these features, a similarity score between the
two words may be computed and a binary result indicating,
whether the two words refer to the same entity may be
obtained. It should be appreciated that more or less features 35
may be used for the coreference resolution model.

As 1llustrated at 630 of FIG. 6, the coreference resolution
model may 1dentity that the pronoun “one” and “him” point
to the same entity as “Chihuahua™, and thus the pronouns
“one” and “him™ are replace with the named enftity “Chi- 40
huahua™.

At 510, a syntactic and semantic parsing process may be
performed on the text sequences or sentences to obtain the
syntactic dependency structure and semantic role labeling of
the sentences. An example of the syntactic dependency 45
structure and semantic role labeling of the sentences 1s
illustrated at 640 of FI1G. 6, where the structures and labeling
are denoted by the arcs.

At 3514, topic knowledge may be extracted from the
sentences. Taking the sentences illustrated at 640 as an 50
example, the topic “have Chihuahua 1n home™ or “Chihua-
hua”, location information “home” i1s obtained from the text
of the sentence “Wonderful, I have Chihuahua in my
home.”, time 1information 1s i1dentified as the time at which
the sentence was sent in the automated chatting. For 55
example, the time 1s 2017 as shown 1 6350 of FIG. 6. It
should be appreciated that the time may be 1n finer unit such
as month, day, hour, minute or the like. The topic “brought
Chihuahua back to home™ or “Chihuahua”, location infor-
mation “home”, and time information “two years ago” 1s 60
obtained from the text of the sentence “I brought Chihuahua
back to home two years ago”. For example, the time of this
item of topic information 1s 2015 by subtracting 2 years from
the above time 2017, as shown 1n 650 of FIG. 6.

At 512, sentiment analysis (SA) may be performed to the 65
sentence to evaluate the attitude of the user to the topic
contained in the sentence. The SA score indicates the user’s
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attitude and may be referred to as degree of mterest. The SA
score may be 1n a range of [0, 1], where 0.5 indicate neutral,
the smaller of the score the more negative of the sentiment,
and the larger of the score the more positive of the sentiment.
For example, a SA score such as 0.8 may be obtained for the
illustrated sentence “Wonderful, I have Chihuahua 1n my
home”. On the other hand, a SA score such as 0.1 may be
obtained for a sentence “I don’t like Chihuahua actually”,
this indicates a negative interest of the topic contained in the
sentence. In an implementation, the SA score may be used
as an element of the knowledge data at 514.

As 1llustrated at 650 of FIG. 6, the user-topic knowledge
data may be obtained for the user A in a format of tuples, that
1s, <user A, 20135, home, Chihuahua, brought, 0.8>, <user A,
2017, home, Chihuahua, 1n, 0.8>. In addition to the topic
information such as “Chihuahua, brought, home”, “Chihua-
hua, 1n, home”, there are location information such as
“home”, time information “2015”, “2017”, and degree of
interest information “0.8”.

Based on the factor of degree of interest or SA score 1n the
user-topic knowledge data, two users having same or similar
attitude, either positive or negative, to a same or similar
topic may be given a bigger weight for ranking their
matching rate, and on the other hand, two users having
opposite attitudes, one 1s positive and the other 1s negative,
to a same or similar topic may be given a smaller weight for
ranking their matching rate.

Based on the factor of location and/or time 1n the user-
topic knowledge data, two users that had same or similar
time slots and/or locations with respect to a same or similar
topic may be given a bigger weight for ranking their
matching rate. For example, two tuples or records shown at
650 are generated from the user log data 610 although both
of them are related to the same topic “Chihuahua”, where
different time information 1s provided at the two tuples. This
makes the matching of users sensitive to the time factor of
the topic knowledge graphs. This principle 1s similar to the
location factor of the topic knowledge graph. Therefore the
tuples or records of topics knowledge obtained from the user
data of a user form a profile for the user 1n terms of topic,
topic related time nformation, topic related location infor-
mation, topic related sentiment information.

It should be appreciated that the disclosure 1s not limited
to the format of tuples which include all kinds of elements
described above, 1t’s applicable that each tuple includes
more or less elements.

The construction of user-knowledge graph based on user
data 1s described above with reference to FIG. 5. The web
data may also be used to obtain the user-knowledge data
through the process of FIG. 5.

The web data may include user log data of a user in a third
party platform such as Twitter or Weibo. This kind of web
data may also be referred to as user data 1in substance. And
a user-topic knowledge data may be constructed for such a
third party platform based on the third party platform user
data. Then a cross-platform friend recommendation may be
performed by using this user-topic knowledge data.

The web data may also include data about some special
user such as a celebrity. The user-topic knowledge data
obtained from this kind of web data through the process of
FIG. 5 may be used as a supplementary user-topic knowl-
edge data for such a user, 1n order to enrich the profile of the
user 1n terms of the topic knowledge.

For example, assuming Frank 1s a big V user on the social
network, the user-topic knowledge graph may be obtained
for the user based on the user’s log data on the social
network through the process of FIG. 5. In addition, common
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knowledge about Frank may be obtained from knowledge
based website since Frank 1s a famous person. Example of
the common knowledge content may be “Frank was born in
Tatyuan Shanxi mm 1966, “Frank was accepted by the
university at 12”7 and “Frank graduated from Umversity of
Science and Technology of China”, from which the user-
topic knowledge tuples may be obtained like <1966, Taiyuan
Shanxi, Frank, born, 0.5>, <1978, University of Science and
Technology of China, Frank, join, 0.5>, <1982, University
of Science and Technology of China, Frank, graduate, 0.5>,
through the process of FIG. 5. The generated user-topic
knowledge tuples may be supplemented for the user Frank,
and may be helpful for recommending the user Frank to
another user based on the topics, topic related time and
location.

FIG. 7 illustrates an exemplary image-text conversion
model according to an embodiment.

The model 1s implemented as a CNN-RNN model. The
tfundamental 1dea behind this CNN-RNN network 1s to
match a text sentence and an image in a latent semantic
space, where the sentence 1s projected into a dense vector
space through a RNN and the image 1s projected into the
other dense vector space through a CNN.

The CNN 712 1s a deep CNN, which takes an image as
input and project the image 1nto the dense vector space. The
output of the CNN 1s a vector which represents the image
teature 714 1n the dense vector space. The deep CNN 712 for
projecting an 1mage to the dense vector space may be

implemented with existing techniques, such as AlexNet deep
CNN network.

The RNN 734 1s a deep RNN, which takes the image
vector 714 as mput and generate the sentence describing the
image recurrently. The exemplary RNN includes an embed-
ding layer 1 722, an embedding layer 2 724, a recurrent layer
716, a multimodal layer 728, a soltmax layer 730. The image
vector 1s 1input into the multimodal layer 728, the output of
the embedding 2 layer 1s input into the multimodal layer 728
and the recurrent layer 726, the output of the recurrent layer
726 1s input 1nto the multimodal layer 728. The exemplary
number 128, 256, 512 shown on top of the layers denote the
dimensions of the vector at the layers. It should be appre-
ciated that other value of dimensions may be applicable. The
projecting from one layer to another layer 1s implemented
through matrix manipulation to the vectors in the dense
vector space. The matrix manipulation based on the illus-
trated connection of the layers in the RNN would be
apparent for those skilled 1n the art.

The tramning data for the CNN-RNN model 1s <image,
sentence>> pairs, where the image 1s taken as the input of the
CNN-RNN model and the sentence 1s taken as the output of
the CNN-RNN model.

As shown 1n the FIG. 7, an image 710 of Chihuahua 1s
input into the CNN, and a sentence of “such a cute Chihua-
hua seating on a pink blanket” 1s recurrently generated at
732. The decoding process (sentence generating process) 1S
described as follows.

Step 1: the image 1s mput into the deep CNN 712 and a
dense vector 714 1s obtained for the image. The 1mitial input
word 720 1s a sentence start flag “<s>", which 1s denoted as
w0 and 1s input mto RNN 734 and converted to a dense
vector.

Step 2: the dense vector 714 of the image 1s sent to the
multimodal layer 728 of the RNN network, and soitmax
tfunction 730 1s used to compute the probabilities P(w1|w0,
Image) of words 1n a target vocabulary set, then a word A
with the maximum probability 1s 1dentified as the next word

wl 732.
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Step 3: the image vector and the previously generated
partial sentence, 1.e. word wl, 1s taken as the mput to
generate the next word w2. The softmax function 730 1s used
to compute the probabilities P(w2Iw1, w0, Image) of words
in the target vocabulary set, then a word B with the maxi-
mum probability 1s 1dentified as the next word w2 732.

The step 3 1s repeated taking the image vector 714 and the
previously generated partial sentence as input, so as to
generate the next word wi with the highest probability
P(wilwl, ..., wi-1, Image), where wi 1s next word candidate
and w1l to wi-1 are the already generated words as history.
The generating process stops when a </s> symbol which
denotes the ending of a sentence 1s generated.

It should be appreciated that the specific structure of the

CNN-RNN of FIG. 7 1s for illustration of the disclosure, but

the disclosure 1s not limited thereto. Some reasonable modi-
fication may be possible for the structure of the CNN-RNN,
and may be applicable in the disclosure.

FIG. 8 illustrates an exemplary proactive updating pro-
cess of knowledge graph according to an embodiment.

When one user A’s one topic event, such as the two tuples
related to the topic “Chihuahua™ shown at 650 of FIG. 6, 1s
collected and uploaded to the user-topic knowledge graph,
there 1s a transfer action that starts from the current user A,
through current topic A, to other users and/or user groups in
the existing knowledge graph.

As 1llustrated 1n FIG. 8, when the topic A of the current
user A 1s added to the user-topic knowledge graph, there may
be a transfer from the topic A to other uses, such as User 1
to Group 5 as illustrated, who are already existing 1n the
user-topic knowledge graph. The target of this transfer
action 1s to activate again these users such as Userl to Group
5 1n case that these users are not active to this topic for a
relatively long time.

In an implementation of the transier action, a part of the
users and/or user groups having the same topic A in the
user-topic knowledge graph is selected, and soft questions of
whether 1t still has an opinion to the Topic A 1s sent to the
selected users and/or user groups. The selection of the
users/groups may be a random selection. The selection of the
users/groups may be not performed, and the soit questions
are sent to all the users/groups having the same topic A in the
user-topic knowledge graph.

When a message 1s received 1n response to the soft
question from a triggered user or user group, the topic
knowledge may be obtained for the user or user group based
on the message through the process of FIG. 5, and the
user-topic knowledge graph may be updated by appending
the newly obtained topic knowledge of the user or user
group.

When a message 1s not received 1n response to the soft
question from a triggered user or user group, the time
information related to the topic A of the triggered user or
user groups 1n the user-topic knowledge graph may be
checked. If the time information indicates the user has not
been active for this topic A for a long time such as a
threshold like one year or six month, the records of topic A
of this triggered user may be deleted from the user-topic
knowledge graph. In an implementation, the time informa-
tion may be the time of generating the record of topic A
related to the triggered user or user group. For example, 1T
the generating time has been more than one year from the
current time, this record of the topic A related to the
triggered user or user group may be deleted.

This proactive triggering of users as 1llustrated 1n FIG. 8
can help updating the user-topic knowledge graph and help
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constructing a relatively fresh user-topic knowledge graph to
be used for in-time new iriend recommendation.

Furthermore, deep propagation 1s performed from the

selected users to their topics other than the Topic A, such as
Topic B. As illustrated 1in FIG. 8, Topic A and Topic B are

linked by a user 4. The more user links topic A and topic B
have, the closer relation topic A and topic B has in the
user-topic knowledge graph, and thus the relation of topic A
and topic B 1s given a bigger score. It 1s illustrated that the
link between topic A and topic B 1s via one user, and the
relation score may be computed based on the number of such
one-user links. It 1s also possible that the relation score may
be computed based on the number of multiple-user links,
where the more users in one link between two topics, the
smaller weight this link 1s given when scoring the relation of
the two topics.

Through the deep propagation among the topics 1n user-
topic knowledge graph, a topic relation knowledge graph
may be constructed or updated. The topic relation knowl-
edge graph describes the relations between each pair of
topics 1n the user-topic knowledge. Since each topic 1s
connected with a number of users, the topic relation knowl-
edge graph mmplicitly connects two groups ol users by
linking two topics. The topic relation knowledge graph may
be 1n format of tuples. An example of a tuple 1s <topicl,
topic2, relation score>.

Another example of a tuple 1s <topicl, topic2, relation,
score>. The relation element may be a default value that
indicates a general relation, such as the above discussed
relation which 1s established via users.

In some other implementations, the relation may refer to
a speciic relation between two topics. For example, the
topic A “food” and topic B “apple” may be a parent-child
relation, the topic A “football” and topic B “basketball” may
be a brother-brother relation. The specific relation between
two topics may be achieved based on predefined topic-
relation rules. In an example, an extra weight may be given
for a specific relation of two topics when scoring the relation
of the two topics. For example, the brother-brother relation
may be given an extra weight compared to the above
discussed general relation, and the parent-child relation may
be given an bigger extra weight than the brother-brother
relation.

The constructing and updating of topic knowledge graph
254 have been described, the topic knowledge graph 254
includes user-topic knowledge graph and topic relation
knowledge graph. The user-topic knowledge graph includes
tuples such as <user, topic, degree of interest, time, loca-
tion>, where the user element may be user name or user
identification, and the user element also refers to user group.
The topic relation knowledge graph includes tuples such as
<topicl, topic2, relation, score>. It should be appreciated
that some tuples may not necessarily include all the ele-
ments, and actually more or less elements 1n a tuple may be
applicable 1n the disclosure.

FIG. 9 1llustrates an exemplary process for recommending,
friends for a specific user according to an embodiment.

At 910, the chatbot receives a message from a user 1n a
chat flow. The chat flow may involve only the chatbot and
the user, or may ivolve a group of users 1n a group chatting.

For example, the message may be those illustrated 1n FIGS.
4A to 4D.

At 920, the chatbot determines whether there 1s an inten-
tion of seeking iriends in the message by using the friend
secking 1ntention classifier 260. The process goes to 930 11
a Iriend seeking intention 1s identified from the message.
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At 930, the chatbot 1dentifies topic, time and/or location
information from the message. It’s possible that no topic,
time or location information 1s 1dentified from the message.

At 940, the chatbot ranks potential users based on the
topic knowledge graph 254 by utilizing the candidate friend
ranker 270. The ranking of the users may be also based on
the topic, time and/or location information extracted from
the message at 930.

The candidate friend ranker 270 may be implemented by
training a pair-wise learming-to-rank (LTR) model that uses
gradient boosting decision tree (GBDT) algorithm. The
tuples <user, topic, degree of interest, time, location> and
<topicl, topic2, relation, score> of the topic knowledge
graph are used as inputs for this rank model. Given the
specific user (user A) that sent the message, the LTR model
computes the similarity score between the specific user A
and each of other users and user groups. A probability [0, 1]
1s output as the similarity score for each user or user group
(user B). Various features are used for the GBDT algorithm
of the LTR model.

A feature that may be used for the GBDT 1is the length of
the shortest path that link user A with a candidate user B. The
user B refers to user or user group B here and in the
following paragraphs. The path between two users 1s 1llus-
trated 1n FIG. 8. The longer the shortest path 1s, the smaller
weight the user B 1s given.

A feature that may be used for the GBDT 1s the number
ol shared topics between user A and user B. The more shared
topics user A and user B have, the bigger weight the user B
1S g1ven.

A feature that may be used for the GBDT 1s the accumu-
lated relation score of shared topics between user A and user
B. For example, there are multiple shared topics between
user A and user B, the relation score of each two of the
multiple topics provided in the topic relation knowledge
graph 1s accumulated. The bigger the accumulated relation
score 1s, the bigger weight the user B 1s given.

A feature that may be used for the GBDT 1s the ratio of
shared topics between user A and user B over the sum of the
total topics linked with A and B. The ratio 1s computed by
the number of their shared topics divided by the sum of the
total topics linked with A and B. The bigger the ratio 1s, the
bigger weight the user B 1s given.

A feature that may be used for the GBDT 1s the mimmimum/
average word2vector distance between the topics linked
with user A and user B. The word2vector distance reflects a
latent semantic similarity between topics such as “Chihua-
hua” and “Pomeranmian”. The smaller the minimum/average
word2vector distance 1s, the bigger weight the user B 1s
gIven.

A feature that may be used for the GBDT 1s the minimum
time distance of the shared topics between user A and user
B. For example, for one topic of Chihuahua, 11 user A upload
an 1mage ol Chihuahua two days ago, where the time
information in the knowledge graph 1s the time at which user
A sent the 1image, and user B talked about liking Chihuahua
two days ago, where the time information 1n the knowledge
graph 1s the time at which user B sent the related message,
then their time distance 1s 0 for this topic of Chihuahua. The
smaller the time distance 1s, the bigger weight the user B 1s
gIven.

A feature that may be used for the GBDT 1s the minimum
location distance of the share topics between user A and user
B. For example, for one topic of basketball, 11 user A talked
about play basketball at playground A, and user B talked
about play basketball at playground B, the location distance
1s the distance between playground A and playground B. It
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should be appreciated that the location information may also
be GPS position of user A and/or user B when they sent the
message about basketball. The smaller the location distance
1s, the bigger weight the user B 1s given.

A feature that may be used for the GBDT 1s the shared
topic between user A and user B 1s positively supported by
both users or 1s negatively supported by both users. For
example, 11 the degree of interest element indicates both user
A and user B has a positive sentiment to the share topic, or
if the degree of interest element indicates both user A and
user B has a negative sentiment to the share topic, the user
B 1s given a bigger weight. If the user A has a positive
attitude and the user B has a negative attitude to the shared
topic, for example, user A likes Chihuahua while user B
hates Chihuahua, the user B 1s given a smaller weight.

A feature that may be used for the GBDT 1s the topic
obtained from the current message. If a shared topic between
user A and user B 1s same as the topic obtained from the
current message, a bigger weight 1s given to the user B.

A feature that may be used for the GBDT 1s the minimum
time distance between the time obtained from the current
message and the time of the shared topics of user B. For a
shared topic between user A and user B, the smaller the
mimmum time distance 1s, the bigger weight the user B 1s
gIven.

A feature that may be used for the GBDT is the minimum
location distance between the location obtained from the
current message and the location of the shared topics of user
B. For a shared topic between user A and user B, the smaller
the minimum location distance 1s, the bigger weight the user
B 1s given.

A feature that may be used for the GBDT 1s the source of
the topic knowledge graph. A discount i1s given to the topic
knowledge graph derived from web data in order to deal
with the noisy issue of the web data yielded knowledge
graph. For example, 1 the topic knowledge graph of user B
1s derived from web data, a discount 1s given to the score of
the user B.

It should be appreciated that not all of the above men-
tioned features are necessary to be employed for the GBDT,
more or less features may be applicable 1n order to rank the
users.

Although the topic information obtained from the mes-
sage of the user A 1s taken as a feature as discussed above

in an implementation, this feature may be not used in
another implementation. That 1s, when the topic information
1s 1dentified at 930, the LTR model may only traverse the
users having this topic information in the user-topic knowl-
edge graph while omitting user not having this topic. In this
implementation, the ranking of user at 940 also actually
takes the topic mnformation obtained from the message of the
user A into consideration.

At 950, users with highest ranking scores are selected as
the recommended users for the current user A.

FIG. 10 illustrate a process 100 for recommending friends
in automated chatting according to an embodiment.

At 1010, a message 1s received from a user 1n a chat flow.
At 1020, an mtention of looking for friends 1s identified from
the message. At 1030, one or more recommended friends are
identified based on a topic knowledge graph. At 1040, the
recommended Iriends are provided in the chat flow. The
friends comprise individual users and/or user groups.

In an implementation, at least one of topic information,
location information and time information 1s identified from
the message. The one or more recommended friends are
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identified based on the topic knowledge graph and the at
least one of topic information, location information and time
information.

In an implementation, the recommended iriends and at
least one of topic information, location information, time
information and probability information are provided
together 1n the chat flow.

In an implementation, the topic knowledge graph com-
prises user-topic knowledge graph, which comprises at least
a part of user or group nformation, topic information,
degree of interest information, location information and time
information for each of users and/or user groups. The
location information 1s related to a specific record of the
topic, and the time information 1s related to a specific record
ol the topic.

The topic knowledge graph also comprises topic relation
knowledge graph, which comprises topic relation informa-
tion between topics.

In an implementation, the user-topic knowledge graph 1s
generated for each of the users and/or user groups based on
user data and/or web data. The topic relation knowledge
graph 1s generated based on the user-topic knowledge graph.

In an implementation, at least a part of the user or group

information, the topic information, the degree of interest
information, the location information and the time informa-
tion are extracted from a text message of the user data and/or
web data.

In an implementation, a text message 1s generated from an
image ol the user data and/or web data, and then at least a
part of the user or group information, the topic information,
the degree of interest information, the location information
and the time information from the text message.

In an implementation, the text message 1s obtained from
the 1mage through a RNN-CNN model.

In an implementation, the degree of interest information
1s generated by performing sentiment analysis on the text
message. The sentiment analysis score 1s used as the degree
ol interest.

In an implementation, the user-topic knowledge graph 1s
in form of tuples, wherein a tuple comprises at least a part
of the user or group information, the topic information, the
degree of interest information, the time information, and the
location information. The topic relation knowledge graph 1s
in form of tuples, wherein a tuple comprises at least a part
of a first topic, a second topic, relation of the topics, score.

In an implementation, a topic 1s extracted from a message
of a first user. The topic for the first user 1s added or uploaded
in the user-topic knowledge graph. Then questions related to
the topic are sent to second users already having the topic in
the user-topic knowledge graph. Answers are obtained from
at least a part of the second users. The user-topic knowledge
graph 1s updated based on the answers of the second users.
The topic relation knowledge graph 1s updated based on the
updated user-topic knowledge graph.

FIG. 11 1llustrates an exemplary apparatus 1100 for rec-
ommending friends in automated chatting according to an
embodiment.

The apparatus 1100 includes a message recerving module
1110 for receiving a message from a user in a chat flow, an
intention i1dentifying module 1120 for identifying an inten-
tion of looking for frnends from the message, a friend
identifying module 1130 for identifying one or more rec-
ommended friends based on a topic knowledge graph, and a
friend presenting module 1140 for presenting the recom-
mended iriends in the chat flow. The frnends comprise
individual users and/or user groups.
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In an implementation, the apparatus 1100 comprises a
message mnformation i1dentifying module for identifying at
least one of topic information, location information and time
information from the message. The friend 1dentifying mod-
ule 1130 i1dentifies the one or more recommended friends
based on the topic knowledge graph and the at least one of
topic mformation, location mformation and time informa-
tion.

In an implementation, the friend presenting module 1140
provides the recommended friends and at least one of topic
information, location information, time information and
probability information in association in the chat tlow.

In an implementation, the topic knowledge graph com-
prises user-topic knowledge graph, which comprises at least
a part of user or group information, topic information,
degree of interest information, location information and time
information for each of users and/or user groups. The topic
knowledge graph comprises topic relation knowledge graph,
which comprises topic relation information between topics.

In an 1implementation, apparatus 1100 comprises a topic
knowledge graph generating module for generating the
user-topic knowledge graph for each of the users and/or user
groups based on user data and/or web data. The topic
knowledge graph generating module generates the topic
relation knowledge graph based on the user-topic knowledge
graph.

In an implementation, the topic knowledge graph gener-
ating module generates the user-topic knowledge graph for
cach of the users and/or user groups by: extracting at least
a part of the user or group iformation, the topic informa-
tion, the degree of interest information, the location infor-
mation and the time information from a text message of the
user data and/or web data; and/or generating a text message
from an i1mage of the user data and/or web data, and
extracting at least a part of the user or group information, the
topic information, the degree of interest information, the
location information and the time information from the text
message.

In an implementation, the text message 1s obtained from
the 1mage through a RNN-CNN model.

In an implementation, the topic knowledge graph gener-
ating module extracts the degree of interest information by
performing sentiment analysis on the text message.

In an implementation, the topic knowledge graph gener-
ating module extracts a topic from a message of a first user,
adds the topic for the first user in the user-topic knowledge
graph, sends questions related to the topic to second users
already having the topic 1n the user-topic knowledge graph,
obtains answers irom at least a part of the second users, and
updates the user-topic knowledge graph based on the
answers ol the second users.

In an implementation, the topic knowledge graph gener-
ating module updates the topic relation knowledge graph
based on the updated user-topic knowledge graph.

It should be appreciated that the apparatus 1100 may
comprise any other modules configured for performing any
operations according to the embodiments of the present
disclosure as described 1in connection with FIGS. 1-10.

FI1G. 12 1llustrates an exemplary computing system 1200
for recommending irends 1 automated chatting according
to an embodiment.

The computing system 1200 may comprise at least one
processor 1210. The computing system 1200 may further
comprise a memory 1220 that 1s connected with the proces-
sor 1210. The memory 1220 may store computer-executable
instructions that, when executed, cause the processor 1210
to recerve a message Irom a user 1 a chat flow, identity an

10

15

20

25

30

35

40

45

50

55

60

65

18

intention of looking for iriends from the message, identity
one or more recommended friends based on a topic knowl-
edge graph, and provide the recommended friends in the
chat tlow.

It should be appreciated that the memory 1220 may store
computer-executable instructions that, when executed, cause
the processor 1210 to perform any operations according to
the embodiments of the present disclosure as described in
connection with FIGS. 1-11.

The embodiments of the present disclosure may be
embodied 1 a computer-readable medium such as non-
transitory computer-readable medium. The non-transitory
computer-readable medium may comprise instructions that,
when executed, cause one or more processors to perform any
operations according to the embodiments of the present
disclosure as described 1in connection with FIGS. 1-11.

It should be appreciated that all the operations in the
methods described above are merely exemplary, and the
present disclosure 1s not limited to any operations in the
methods or sequence orders of these operations, and should
cover all other equivalents under the same or similar con-
cepts.

It should also be appreciated that all the modules 1n the
apparatuses described above may be implemented 1n various
approaches. These modules may be implemented as hard-
ware, soltware, or a combination thereof. Moreover, any of
these modules may be further functionally divided mto
sub-modules or combined together.

Processors have been described 1n connection with vari-
ous apparatuses and methods. These processors may be
implemented using electronic hardware, computer software,
or any combination thereol. Whether such processors are
implemented as hardware or software will depend upon the
particular application and overall design constraints
imposed on the system. By way of example, a processor, any
portion of a processor, or any combination ol processors
presented in the present disclosure may be implemented
with a microprocessor, microcontroller, digital signal pro-
cessor (DSP), a field-programmable gate array (FPGA), a
programmable logic device (PLD), a state machine, gated
logic, discrete hardware circuits, and other suitable process-
ing components configured to perform the various functions
described throughout the present disclosure. The function-
ality of a processor, any portion of a processor, or any
combination of processors presented in the present disclo-
sure may be implemented with software being executed by
a microprocessor, microcontroller, DSP, or other suitable
platform.

Software shall be construed broadly to mean 1nstructions,
instruction sets, code, code segments, program code, pro-
grams, subprograms, soitware modules, applications, sofit-
ware applications, software packages, routines, subroutines,
objects, threads of execution, procedures, functions, etc. The
soltware may reside on a computer-readable medium. A
computer-readable medium may include, by way of
example, memory such as a magnetic storage device (e.g.,
hard disk, floppy disk, magnetic strip), an optical disk, a

smart card, a flash memory device, random access memory
(RAM), read only memory (ROM), programmable ROM

(PROM), erasable PROM (EPROM), electrically erasable
PROM (EEPROM), a register, or a removable disk.
Although memory 1s shown separate from the processors in
the various aspects presented throughout the present disclo-
sure, the memory may be internal to the processors (e.g.,
cache or register).

The previous description 1s provided to enable any person
skilled 1n the art to practice the various aspects described
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herein. Various modifications to these aspects will be readily
apparent to those skilled 1n the art, and the generic principles
defined herein may be applied to other aspects. Thus, the
claims are not intended to be limited to the aspects shown
herein. All structural and functional equivalents to the ele-
ments of the various aspects described throughout the pres-
ent disclosure that are known or later come to be known to
those of ordinary skill 1n the art are expressly incorporated
herein by reference and are intended to be encompassed by
the claims.

What 1s claimed 1s:

1. A method for recommending ifriends in automated
chatting, comprising;:

receiving a message 1n a chat flow;

identifying an intention of looking for friends from the

message;

identifying topic information and at least one of location

information or time information 1n text of the message;

identifying one or more recommended friends based on a

user-topic knowledge graph comprising links between
topics and users;
providing an i1dentity for each of the one or more recom-
mended friends 1n the chat flow, wherein each 1dentity
functions as a link to a respective recommended friend;

providing the at least one of the location information or
the time information 1n the chat tflow for each of the one
or more recommended friends; and

receiving a selection of a respective link provided i the

chat flow to contact the recommended friend associated
with the respective link.
2. The method of claim 1, wherein the friends comprise at
least one of individual users or user groups.
3. The method of claim 1, wherein the 1dentifying of the
one or more recommended friends comprises 1dentifying the
one or more recommended friends based on the user-topic
knowledge graph and at least one of the topic information,
the location information or the time information.
4. The method of claim 1, wherein the user-topic knowl-
edge graph comprises one or more of user or user group
information, topic information, degree of interest informa-
tion, location information or time information for each user
Or user group.
5. The method of claim 4, wherein the user-topic knowl-
edge graph comprises a user-topic relation knowledge graph
that comprises topic relation mnformation between topics.
6. The method of claim 5, further comprising generating
the user-topic knowledge graph for each of the at least one
of the individual users or user groups based on user data or
web data.
7. The method of claim 6, wherein the generating the
user-topic knowledge graph comprises at least one of:
extracting at least a part of the user or group information,
the topic imnformation, the degree of interest informa-
tion, the location information or the time information
from a text message of the user data or the web data; or

generating a text message from an 1mage of the user data
or the web data, and extracting at least a part of the user
or group 1mnformation, the topic information, the degree
of interest information, the location information or the
time information from the text message.

8. The method of claim 7, wherein the text message 1s
obtained from the image through a RNN-CNN model.

9. The method of claim 7, wherein the extracting of the
degree of interest information comprises generating the
degree of interest information by performing sentiment
analysis on the text message.
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10. The method of claim 7, further comprising generating
the user-topic relation knowledge graph.

11. The method of claim 7, further comprising:

extracting a topic from a message of a first user;

adding the topic for the first user in the user-topic knowl-

edge graph;

sending questions related to the topic to second users

already having the topic in the user-topic knowledge
graph;

obtaining answers from at least a part of the second users;

and

updating the user-topic knowledge graph based on the

answers of the second users.

12. The method of claim 5, wherein:

the user-topic knowledge graph comprises tuples with

cach tuple including at least a part of the user or group
information, the topic information, the degree of inter-
est information, the time information, or the location
information; and

the user-topic relation knowledge graph comprises tuples

with each tuple comprising at least a part of a first topic,
a second topic, relation of the topics, and a score.

13. The method of claim 1, wherein providing the at least
one of the location information or the time information in the
chat tlow for each of the one or more recommended friends
comprises providing the at least one of the location infor-
mation or the time information and the topic information in
the chat flow for each of the one or more recommended
friends.

14. An apparatus for recommending friends 1n automated
chatting, comprising:

one or more processors; and

a memory storing computer-executable instructions that,

when executed by the one or more processors, cause

operations to be performed, the operations comprising:

receiving a message in a chat flow, the chat flow
presented 1n a chat window user interface;

identifying an intention of looking for friends from the
message;

identifying topic information and first location infor-
mation that 1s related to the topic information from
the message;

based on the topic information and the first location
information, identifying two or more recommended
friends based on a user-topic knowledge comprising
links between topics and users, the two or more
recommended Iriends comprising a first recom-
mended friend and a second recommended friend:;

presenting an 1dentity for each of the two or more
recommended friends 1n the chat flow;

providing second location information in the chat flow
for the first recommended friend, wherein the second
location information 1s related to the first location
information; and

providing third location information in the chat flow for
the second recommended friend, wherein the third
location 1nformation 1s related to the first location

information and at least one of the second location

information or the third location information differs
from the first location information.

15. The apparatus of claim 14, wherein the memory stores
further computer-executable 1nstructions for:

identifying topic information from the message; and

identifying the two or more recommended friends based

on the user-topic knowledge graph and the location
information and the topic information.
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16. The apparatus of claim 14, wherein the memory stores
turther computer-executable 1nstructions for presenting the
at least one of the two or more recommended friends with
probability information in the chat flow.

17. The apparatus of claam 14, wherein the user-topic
knowledge graph comprises at least one of:

at least a part of user or group iformation, topic nfor-

mation, degree of interest information, location infor-
mation and time information for each user or user
group; or

a user-topic relation knowledge graph comprising topic

relation information between topics.

18. The apparatus of claim 17, wherein the memory stores
turther computer-executable 1nstructions for generating the
user-topic knowledge graph for each of users or user groups
based on user data, web data, or both user data and web data
by at least one of:

extracting at least a part of the user information or the

group information, the topic information, the degree of
interest information, the location information and the
time 1information from a text message of the user data
or the web data; or

generating a text message from an 1mage of the user data

or the web data, and extracting the at least a part of the
user information or the group information, the topic

information, the degree of interest information, the
location information and the time information from the
text message.

19. The apparatus of claim 18, wherein extracting the
degree of interest information comprises extracting the
degree of interest information by performing sentiment
analysis on the text message.
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20. A computer system, comprising:
one or more processors; and

a memory storing computer-executable instructions, that
when executed by the one or more processors, cause
operations to be performed, the operations comprising:

receiving a message in a chat tlow;

identifying an intention of looking for friends from the
message;

identifying topic information, location information and
first time i1nformation in text i the message, the

location information and the first time information
relating to the topic information;

based at least on the topic information, identifying one
or more recommended friends based on a user-topic
knowledge graph comprising links between topics
and users;

providing an 1dentity for each of the one or more
recommended friends 1n the chat flow, wherein each
identity functions as a link to a respective recom-
mended friend;

providing the location information and second time
information in the chat flow for at least one of the

one or more recommended friends, wherein the
second time information 1s based on the first time

information; and

receiving a selection of a respective link provided 1n the
chat flow to enable contact with the recommended

friend associated with the respective link.
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